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In this work, a series of experiments were carried to investigation of rheological behavior of crude
oil using waxy crude oil sample in the absence/presence of ﬂow improver such as ethylene-vinyl
acetate copolymer. The rheological data covered the temperature range of 5e30 C. The results
indicated that the performance of ﬂow improver was dependent on its molecular weight. Addition
of small quantities of ﬂow improver, can improve viscosity and pour point of crude oil. Also, an
Artiﬁcial Neural Network (ANN) model using Multi-Layer Perceptron (MLP) topology has been
developed to account wax appearance temperature and the amount of precipitated wax and the
model was veriﬁed using experimental data given in this work and reported in the literature. In
order to compare the performance of the proposed model based on Artiﬁcial Neural Network, the
wax precipitation experimental data at different temperatures were predicted using solid solution
model and multi-solid phase model. The results showed that the developed model based on
Artiﬁcial Neural Network can predict more accurately the wax precipitation experimental data in
comparison to the previous models such as solid solution and multi-solid phase model with AADs
less than 0.5%. Furthermore, the number of parameters required for the Artiﬁcial Neural Network
(ANN) model is less than the studied thermodynamic models.
Copyright © 2015, Research Institute of Petroleum Industry. Production and hosting by Elsevier B.V.
on behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Crude oil is a complex mixture of hydrocarbons, consisting of
waxes, asphaltenes, resins, aromatics, and naphthenics. Among
these, wax precipitation is a major problem in oil productions
and transportations facilities. This phenomenon can result in
many problems such as decreased production rates, increased
power requirements and failure of facilities. Wax is the high
molecular weight parafﬁn fraction of crude oil that can be
separated with reduction in oil temperature below pour point of
crude oil. Parafﬁn is mixture of hydrocarbons constituted of
linear/normal chains, comprising mainly from 20 to 40 carbon.
troleum University.
ier on behalf of KeAi
troleum Industry. Production an
ttp://creativecommons.org/liceatoms, in addition to alkanes with branched and cyclic chains.
The solubility of waxes with high molecular weight decreases by
decreasing in temperature. Therefore, the wax fraction precipi-
tate and phase separation occurs by wax crystallization. In
the transportation of waxy crude oil in a cold environment
(at temperatures below the oil pour point), the temperature
gradient in the oil creates a concentration gradient in the dis-
solved waxes due to their difference in solubility. The driving
force, created by the concentration gradient, transfers the waxes
from the oil toward the pipe wall where they precipitate and
form a solid phase. The solid phase reduces the available area for
the oil ﬂow, which in turn causes a drop in the pipe ﬂow capacity.
In order to predict the wax precipitation conditions a reliable
thermodynamic model is necessary. Several thermodynamic
models for wax precipitation estimation have been published in
literature which is not in good agreement with experimental
data. They usually overestimate the amount of precipitated wax
and wax appearance temperature (WAT). A literature review
indicates that models of wax precipitation can be classiﬁed into
two different approaches. The ﬁrst important approach in
modeling of wax precipitation uses a cubic EOS for vaporeliquidd hosting by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an
nses/by-nc-nd/4.0/).
Table 1
Characteristics of used polymers.
Speciﬁcations Test method Polymer #1 Polymer #2
N content ASTM D-5291 <0.5 <0.5
C content ASTM D-5291 86.5 85.5
H content ASTM D-5291 13.1 13.1
Molecular weight GPC 816,896 725,981
Table 2
Characterization of studied crude oil.
Speciﬁcations Test method Value
Speciﬁc gravity @15.56/15.56 C ASTM D-4052 0.8599
API ASTM D-287 33.05
Sulfur content WT% ASTM D-2622 0.223
H2S content ppm FIP Trace <5
Nitrogen, total WT% ASTM D-3228 1400
Base sediment & water VOL% ASTM D-96 1.0
Salt content P.T.B ASTM D-3230 140
Kinematic viscosity @10 C cSt ASTM D-445 Solid
Kinematic viscosity @20 C cSt ASTM D-445 Too viscos
Kinematic viscosity @40 C cSt ASTM D-445 10.65
Pour point C ASTM D-97 18
R.V.P. PSI ASTM D-323 3.5
Asphaltenes WT% IP-143 0.13
Wax content WT% BP-327 13
Drop melting point of wax C IP-31 60
Carbon residue (Conradson) WT% IP-13 4.0
Ash content WT% ASTM D-482 0.05
Acidity, total mgKOH/gr ASTM D-664 0.0126
Molecular weight Calculated 328.4
Nickel ppm A.A.S 9.1
Vanadium ppm A.A.S Trace<0.3
Iron ppm A.A.S 9.9
Lead ppm A.A.S 1.1
Sodium ppm A.A.S 193.0
T. Jafari Behbahani et al. / Petroleum 1 (2015) 223e230224equilibrium and an activity coefﬁcient model for solideliquid
equilibrium. These models are based on solid solution (SS)
theory which assumes that all the components in the solid
phase are miscible in all proportions. This category includes
[1e10], models. Chen et al. [11,12] proposed the new correlations
for the melting points and solidesolid transition temperatures of
treated parafﬁns based on the experimental results by differen-
tial scanning calorimeter (DSC). The required thermodynamic
properties of pure n-parafﬁns are ﬁrst estimated, and then a new
approach based on the UNIQUAC equation is described. Finally,
the impact of pressure on wax phase equilibrium is addressed.
The second approach based on multi-solid (MS) phase model
uses only an EOS for all phases in equilibrium; in fact an EOS is
used directly for vaporeliquid equilibrium, and solid phase
nonideality is described indirectly from the EOS by fugacity ratio
which assumes that each pure or pseudo component that pre-
cipitates constitutes a separate solid phase which is not miscible
with other solid phases. This category includes [12e16]. Pan and
Firoozabadi [16] developed the Lira-Galeana model [14] by
dividing each heavy fraction into parafﬁn, naphthene and aro-
matics (PNA). They used their own experimental data with PNA
analysis and considered the effect of composition on WAT.
Nichita et al [15] accounted both the Pointing factor and solid-
state phase transition for MS model and used the model for
gas condensate mixtures. They have also considered the effect of
pressure on WAT. Escobar-Remolina [13] suggested the new
correlations for the fusion temperature, the enthalpy of fusion
and heat capacity difference. In our previous work, the effect of
wax inhibitors on pour point and rheological properties of waxy
crude oils were investigated (2008, 2011, 2013). These thermo-
dynamic models are based on the complex properties such as
interaction coefﬁcient, critical properties, acentric factor, solu-
bility parameter and molecular weight which are not speciﬁed
for long chain of wax in crude oil. In order to developmodeling of
wax phase behavior in crude oils a powerful method is necessary.
Artiﬁcial neural networkmethods (ANN) are especially useful for
modeling highly nonlinear systems such as wax precipitation in
crude oil. In this work, an Artiﬁcial Neural Network model has
been proposed to account the wax appearance temperature and
the amount of precipitated wax. Also the performance of the
Artiﬁcial Neural Network model, solid solution (SS) model, and
multi-solid (MS) phase model using the wax precipitation
experimental data reported in the literature was studied. Also, a
series of experiments was carried to investigation of rheological
behavior of crude oil using waxy crude oil sample in the absence/
presence of ﬂow improver such as ethylene-vinyl acetate
copolymer.
2. Experimental section
2.1. Materials
An Iranian waxy crude oil was used for investigation of
rheological behavior of waxy crude oil in the absence/presence of
ﬂow improver such as ethylene-vinyl acetate copolymer. Two
types of ﬂow improver with different properties were selected.
The characteristics of used ﬂow improvers and the studied crude
oil are shown in Tables 1 and 2.
2.2. Experimental apparatus and tests procedure
An appropriate quantity of ﬂow improver was added to the
crude oils and heated in a thermostatic bath maintained at 50 C.
Results show that polymer #1 has high molecular weight and
polymer #2 has low molecular weight. Flow improvers weredissolved in cyclohexane (1:2 ratios) and then added to crude oil.
Pour points were measured by ASTM D-97 method [17].
Apparent viscosity as a function of temperature was
measured with a Haake RV12 concentric cylinder viscometer
equipped with double gap geometry. Viscosity was measured at
different shear rates in the range of 20e200 s1. Molecular
weights of polymers were determined by a waters gel perme-
ation chromatography (GPC) in a Shimadzu LC10AD system
equipped with a refractive index detector and ultrastyragel col-
umns of 106,105,104 and 500 A connected in series. Tetrahy-
drofuran as the mobile phase, at a ﬂow rate of 1 ml/min was
used. Composition of polymer was measured by an elemental
analyzer. Wax and asphaltene contents were determined ac-
cording to BP-327, IP-143, respectively.
3. Theoretical section
In existing works, several thermodynamic models for pre-
diction of wax precipitation condition have been published in
literature. A literature review shows that these models can be
classiﬁed into two different categories including an equation of
state (EOS) plus activity coefﬁcient (EOS þ GE) approach and an
EOS approach. The ﬁrst category in modeling wax precipitation
uses a cubic EOS for vaporeliquid equilibrium and an activity
coefﬁcient model for solideliquid equilibrium. These models are
based on solid solution (SS) theory which assumes that all the
components in the solid phase are miscible in all proportions.
The second approach uses only an EOS for all phases in equilib-
rium; in fact an EOS is used directly for vaporeliquid equilibrium,
and solid phase nonideality is described indirectly from the EOS
by fugacity ratio based on multi-solid (MS) phase model which
T. Jafari Behbahani et al. / Petroleum 1 (2015) 223e230 225assumes that each pure or pseudo component that precipitates
constitutes a separate solid phase which is not miscible with
other solid phases. The existing thermodynamic models are
based on the complex properties such as interaction coefﬁcient,
critical properties, acentric factor, solubility parameter and mo-
lecular weight which are not speciﬁed for long chain of wax. A
reliable model is necessary to predict the wax precipitation
condition in crude oil. In this work amodel based on the Artiﬁcial
Neural Network method has been proposed to account the wax
appearance temperature and the mass of precipitated wax.
3.1. Artiﬁcial neural network methods
Artiﬁcial Neural Networks are electronic models based on the
neural structure of the brain. An artiﬁcial neural network con-
sists of a collection of processing elements that is highly con-
nected and transforms a set of inputs to a set of desired outputs.
The result of the transformation is determined by the charac-
teristics of the elements and the weights associated with the
interconnections between them. By modifying the connections
between the nodes the network is able to adapt to the desired
outputs. In a network each connecting line has a weight. In
artiﬁcial neural networks, learning refers to the method of
modifying the weights of connections between the nodes of a
speciﬁed network. Type of learning is determined by themanner
in which parameter change takes place. Learning may be cate-
gorized as supervised learning, unsupervised learning and
reinforced learning. In Supervised learning, a teacher is available
to indicate whether a system is performing correctly, or to
indicate a desired response, or to validate the acceptability of a
system's responses, or to indicate the amount of error in system
performance. This is in contrast with unsupervised learning,
where no teacher is available and learning must rely on guidance
obtained by the system examining different sample data or the
environment. There are various algorithms to train neural net-
works. Some of the famous algorithms are: Perceptron, Hebbian,
WidroweHoff, and Back propagation (2009). The key calculation
of the variable learning rate is to improve and update theweights
and biases by changing the momentum and the learning rate,
based on the squared errors. One of the well-known topologies
of neural networks for learning is the Multi-Layer Perceptron
(MLP), which is more popular and generally trained with the
back-propagation of error algorithm. An MLP is a neural network
with three layers, an input layer, a hidden layer and an output
layer. The input layer shows the incoming pattern and the output
layer is the output of the network. Each layer consists of a series
of nodes, connected with weights. In MLP neural network model,
the basic element is the artiﬁcial neuron which performs a
simplemathematical operation on its input data. The input of the
neuron consists of the variables x1… xP and a bias term. After the
results are added to the bias term, each of the input values is
multiplied by a weight. A known activation function performs a
pre-speciﬁed non-linear mathematical operation. MLP networksInputs
Hidden layerInput layer
n
2
1
.
.
Fig. 1. The used netwmay consist of many neurons ordered in layers. The neurons in
the hidden layers perform the actual processing, while the sig-
nals are distributed and collected by the neurons in the input and
output layer. During training processing, the network output is
compared with a desired output. The error between these two
signals is used to modify the weights. This rate of modiﬁcation
may be controlled by a learning rate. A high learning rate makes
the modiﬁcation of weights quickly, but makes it potentially
unstable. The network keeps its weights constant using learning
rate equal to zero.3.2. ANN architecture and algorithm
In this work, a three-layer feed-forward ANN with the ar-
chitecture of LevenbergeMarquardt back-propagation optimi-
zation algorithm has been proposed to account the wax
precipitation. The LevenbergeMarquardt algorithm as the
training rule, in which the network weights are moved along the
negative of the gradient of the performance function has been
used for wax precipitation problem. The term back-propagation
refers to the manner in which the gradient is computed for
nonlinear multilayer networks. The network architecture is
shown in Fig. 1.
The calculation procedure is described as follows:
Every element of the input vector is assigned an independent
weighting factor w. The sum of the weighted inputs and the
constant are transformed by a function f (x) of the hidden layer.
The differentiable tan-sigmoid transfer function to generate their
output to the hidden layer is used as follows:
f ðxÞ ¼ 1þ e
x
1 ex (1)
The output of the input layer to hidden node i is:
oi ¼ f

wi*X
T þ qi

¼ f
0
@XN
j¼1
uijxj þ qi
1
A (2)
where, oi is the output of the tan-sigmoid transfer function,wi ¼
½ui1;ui2; ;uiNT is the vector of weights, qi is a constant for
node i, and X ¼ ½x1; x2; ; xNT is the vector of input activations.
Similarly, a linear function is employed for the output layer as
follows:
lðxÞ ¼ kxþ b (3)
where k is the scope and b is the intercept of the linear function
l(x). The output of the only node on the output layer is as follows:
y ¼ l

s*OT þ h

¼ L
 XR
r¼1
dror þ h
!
(4)Output layer
O
utputs
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Fig. 2. A typical MLP neural network.
T. Jafari Behbahani et al. / Petroleum 1 (2015) 223e230226where s ¼ ½d1; d2 ; dRT is the vector of weights, O ¼ ½o1;o2 ;oRT
is the vector of outputs from the hidden layer, h is the constant
and y is the output of network. After the neural network struc-
ture is set, themost important step is to prepare the training data
set and train the network. The training data set must be carefully
selected so that the ANN can learn all the relationships through
the training process. The optimal objective is to minimize the
sum of squared errors at the layer at the output side. To do so, the
gradient of the error with respect to the weights is found. It is
necessary to calculate the responsibility of the neuron's weights
to the ﬁnal error. To do this, the error at the output neurons is
taken and propagated backwards through the current weights.
Adjustment to the neuron's weighting factors is needed if the
responsibility exceeds a certain threshold. Then the training
process is repeated until the speciﬁed stopping criteria are
satisﬁed. The training process stops when the rate of change of
the mean squared error is sufﬁciently small. After the neural
network is properly conﬁgured and trained, it is ready for wax
precipitation calculation. Fig. 2 shows the learning procedure for
training MLP networks.
Input data of a network should be selected carefully if the best
results are expected to be achieved. The input variables should
reﬂect the underlying physics of the process to be analyzed. In
the wax precipitation process, temperature, composition of oil
and wax content has strong effect on the formation of the wax
precipitation. Therefore the input data for the network's model
are the temperature, the composition of oil and wax content.
Also, the outputs are the amount of the wax precipitation and
wax appearance temperature. The mean-squared-error between
the net output and the training data was used for comparison in
this work as follows:
MSE ¼ 1=n

xexp  xmodel
2
(5)
Where xexp is the target value, xmodel is the output value and n is
the number of the experimental data.
3.3. Multi-solid phase model
In multi-solid (MS) wax models developed by Lira-Galeana
et al., each solid phase is considered as a pure component
which does not mix with other solid phases and can exist as a
pure solid (solid assumption). The number and the identity of
precipitating components are obtained from Michelsen's pha-
seestability analysis [19] which states that component i may
exist as a pure solid:
fiðP; T ; zÞ  f spure;iðP; TÞ  0:0 i ¼ 1;…;n (6)
where fi(P,T, z) is the fugacity of component i with feed compo-
sition z and f spure;iðP; TÞ is the fugacity of pure component i in solidphase. This model is based on the precipitation of certain heavy
components of the crude with average properties and performs
calculations for the liquid/multi-solid phase. The criterion of
vaporeliquidesolid equilibrium is that the fugacities for every
component i:
f Vi ¼ f Li ¼ f spure;iðP; TÞ i ¼ 1; ;N (7)
f Vi ¼ f Li i ¼ 1;2;…;N (8)
where f is the fugacity, n is the total number of components, and
Ns is the number of solid phases determined. The fugacities of
each component in the vapor and liquid phases are calculated by
the equation of state. The solid phase fugacities of the pure
componentsf spure;iðP; TÞ, can be calculated from the fugacity ratio
expressed as follow:
ln

f s
f L

Pure;i
¼ Dh
t
i
RT
 
T
Tfi
 1
!
DCPi
R
"
1 T
Tfi
þ ln
 
Tfi
T
!#
(9)
DCPi ¼ CLpi  Cspi (10)
where CLpi and C
s
pi are the heat capacity of pure component i at
constant pressure corresponding to liquid and solid phases,
respectively.
Dhti ¼ Dhfi  Dhtri (11)
where Dhfi and Dh
tr
i are the enthalpy of fusion and the enthalpy
of ﬁrst solid state transition, respectively. By using above equa-
tions and an EOS, fugacity in solid and liquid phases, and the
numbers of the precipitated solid phases can be calculated.
Solideliquid equilibrium calculations have been performed by
using equilibrium and material balance equations. The fugacity
coefﬁcient of component i is calculated by an EOS model. Among
the EOS models, the PR equation of state is used:
P ¼ RT
V  b
a
VðVþ bÞ þ bðV bÞ (12)
The parameters a and b of pure component are described by
the conventional critical parameters approach. The critical
properties and acentric factor required in the evaluation of
equation of state parameters are obtained from the Gao's cor-
relations [18]. For mixtures, the conventional linear mixing rule
is kept for the parameter b, whereas for the parameter a, the
LCVM mixing rule is used.
b ¼
X
i
xibi (13)
a
bRT
¼

l
Av
þ 1 l
Am

GE
RT

þ 1 l
Am
X
i
ln

b
bi

þ
X
i
xi
ai
biRT
(14)
where Am, Av are constant, then the fugacity coefﬁcient of
component i in a mixture, for the PR EOS is given by the
following equation:
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bi
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
PV
RT
 1

 ln PðV bÞ
RT
 ai
2
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2
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"
Vþ ð1þ
ﬃﬃﬃﬃﬃﬃﬃﬃ
2Þb
p
Vþ ð1
ﬃﬃﬃﬃﬃﬃﬃﬃ
2Þb
p
#
(15)
ai ¼

l
Av
þ 1 l
Am

ln gi þ
1 l
Am

ln

b
bi

þ b
bi
 1

þ ai
biRT
(16)
3.4. Solid solution (SS) theory
The modeling of wax formation in petroleum ﬂuids is based
on the thermodynamic description of the equilibrium between
the solid wax and the hydrocarbon liquid phases. The reservoir
hydrocarbon ﬂuids at pipeline conditions commonly consist of
liquid and vapor phases.
The criterion of vaporeliquidesolid equilibrium is that the
fugacity for every component i, must satisfy the following
equations:
f Vi ¼ f Li ¼ f spure;iðP; TÞ i ¼ 1; ;N (17)
f Vi ¼ f Li i ¼ 1;2;…;N (18)
where f is the fugacity, n is the total number of components, and
Ns is the number of solid phases determined. The fugacity of each
component in the vapor and liquid phases are calculated by the
equation of state. The activity coefﬁcient of component i is
calculated using the UNIFAC method. It is assumed that for
mixtures containing alkanes, the residual term in the UNIFAC
model is zero. Thus, mixtures containing different alkanes are
described by the combinatorial term. The Sta-
vermaneGuggenheim combinatorial term is used in UNIFAC
In this work, ri and qi have been obtained from the following
relations:
ri ¼ 0:6744Cni þ 0:4534 (19)
qi ¼ 0:54Cni þ 0:616 (20)
3.5. Model validation
To validate the performance of the proposed model based on
Artiﬁcial Neural Network method for prediction of wax precipi-
tation condition in crude oil, numerical simulation runs were
conducted for the crude oil experimental results given in liter-
ature using MATLAB software. The performance of the proposed
model for prediction the wax precipitation condition was
compared to those obtained using the Ji model from solid solu-
tion (SS) category and Lira-Galeana model from multi-solid (MS)
category. It should be noted that same procedure and also same
set of experimental data were used for adjusting the parameters
of the studied models.
4. Results and discussion
An Iranian waxy crude oil with asphaltene content of 0.13%
which inﬂuences its ﬂow behavior was used in this work. Also,
the wax content of this crude oil is 13% that affects pour point
and rheological behavior. The rheological behavior of crude oilafter and before addition of ﬂow improvers for temperatures
between 5 and 30 C is given in Fig. 3. Also, the effect of used
polymers as ﬂow improver on pour point of studied crude oil is
shown in Fig. 3.
It can be found that by increasing the shear rate the apparent
viscosity decreases dramatically e.g. (from 2250 cp at 20 s1 to
780 cp at 200 s1). Results show that the shear rate has
considerable effect on decreasing viscosity particularly at
temperatures below the pour point. It should be noted that at
high temperatures above the pour point the waxy crude oil
behaves like a typical homogeneous isotropic liquid with
Newtonian character. Just below the pour point, the amount of
dissolved wax starts to attain its saturation limit, forming a
solid solution in the crude, which leads to sharp increase of
viscosity. Under these circumstances the viscosity is inﬂuenced
by two parameters: the effect of temperature reduction that
causes viscosity increase against shear rate that tends to lower
it. Further cooling causes form a gel network leading to pro-
gressive rise in viscosity at relatively small dynamic gel
strength. On the other hand, the energy exerted by shear and
dissipated in the crude leads to disruption of these bonds and
accumulated deformation of the crude gel structure occurs.
Also, Fig. 3 shows the crude oil viscosities as a function of ﬂow
improver concentration for temperatures between 5 and 30 C
at a shear rate of 100 s1 in the presence of 200,500, and
1000 ppm of two ﬂow improvers, respectively. At 30 C the
viscosity is relatively low and none of the ﬂow improvers
reduced the crude oil viscosity signiﬁcantly, at the concentra-
tion range used. At temperatures below pour point (for example
10 C), it was observed that the ﬂow improver reduced the
crude oil viscosity and the results depended on concentration
and type of the ﬂow improver used. For higher concentrations
(for example at 1000 ppm) the better reduction was observed.
In this temperature range, parafﬁn crystals have already been
formed in the liquid and the rheological behavior of the crude
oil is non-Newtonian. The data on viscosity reduction of crude
oil with different concentration ﬂow improver dissolved in
cyclohexane at a shear rate of 100 s1 showed that high mo-
lecular weight ﬂow improver (polymer# 2) has good efﬁciency
for studied crude oil. Also, it can be found that high molecular
weight ﬂow improver displays better efﬁciency on pour point of
crude oil. The main objective of this section is to compare the
performance of the proposed modeling based on Artiﬁcial
neural network model for calculating WAT and the weight
percent of wax precipitation with those obtained using Ji model
from solid solution (SS) category and Lira-Galeana model from
multi-solid (MS) phase category for the experimental data
given in the literature. Fig.1 shows the relationship between the
testing, training and validation model in terms of MSE versus
number of epochs. The predicted and experimental data at
training and validation steps are compared in Fig. 2. The best
ANN architecture was: 3e4e10e1 (3 input units, 4 hidden
neurons in ﬁrst layer, 10 hidden neurons in second layer, 1
output neuron). The amount of the precipitated wax based on
1 mol of oil feed is calculated as follows:
Precipitated wax weight % ¼ weight of precpitated wax
weight of oil feed
 100
(21)
The absolute deviation of the correlatedWAT values obtained
for the studied models from their experimental values was
calculated by following relation:
0
250
500
750
1000
1250
1500
1750
2000
2250
2500
0 100 200 300
V
is
co
si
ty
,c
p
Shear rate,s-1
30°C
15°C
10°C
5°C
0
50
100
150
200
250
300
350
400
450
500
550
600
650
700
750
800
850
0 500 1000 1500
V
is
co
si
ty
 d
yn
am
ic
, c
p,
@
sh
ea
r r
at
e=
10
0s
- 1
Polymer # 1, ppm
5°C 10°C 15°C
20°C 30°C
0
100
200
300
400
500
600
700
800
900
1000
0 500 1000 1500
V
is
co
si
ty
 d
yn
am
ic
, c
p,
@
sh
ea
r r
at
e=
10
0s
-1
Polymer # 2, ppm
5°C 10°C 15°C
20°C 30°C
-8
-6
-4
-2
0
2
4
6
8
10
12
0 1000 2000 3000
Po
ur
 p
oi
nt
 , °
C
ppm
Polymer #1
Polymer #
2
Fig. 3. The rheological behavior of the studied crude oil at different temperatures.
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Fig. 4 compare the precipitated wax weight percent in the
crude oils given in literature using studied models.
Table 3 shows the predicted WAT for crude oils given in
literature using studied models.
The results show that the proposed model based on Artiﬁcial
neural network method, can predict more accurately the
experimental data in comparison to the Ji model from solid so-
lution (SS) category and Lira-Galeana model from multi-solid
(MS) phase category with deviation between 0.31 and 0.32%
forWATand 0.94e3.7% for amount of wax precipitation. Also, the
obtained results conﬁrm that Lira-Galeana model from multi-
solid (MS) phase category is capable of correlating the wax
precipitation experimental data with the AADs of 14e34%,
whereas the Ji model from solid solution (SS) category correlates
predict the wax precipitation experimental data with the AADs
27e52%. It should be noted that the Ji model based on solid so-
lution (SS) theory used two types of thermodynamic models to
describe the non-ideality of liquid phase; which makes this
model thermodynamically inconsistent. It is observed from the
curves that the Lira-Galeana model and Ji model overestimate
the amount of precipitated wax. One of the main advantages of
the proposed modeling based on Artiﬁcial neural networkmethod is prediction of wax precipitation experimental data
without involving thermodynamic properties such as interaction
coefﬁcient, critical properties, acentric factor and solubility
parameter of wax which are not accurately speciﬁed for long
chain of wax molecule. It should be noted that the number of
parameters required for the Artiﬁcial Neural Network (ANN)
model is less than the studied thermodynamic models. Accord-
ing to these results, the proposed model based on Artiﬁcial
Neural Network is much more accurate than the studied ther-
modynamic models. Two important capabilities of the neural
network methods are the general and fast answers to a problem,
providing acceptable results for unknown samples.5. Conclusions
(1) Results show that the shear rate has a considerably effect
in decreasing viscosity particularly at temperatures below
the pour point and that the viscosity tends to stabilize at
higher shear rates. The higher molecular weight ﬂow
improver has better efﬁciency on pour point and rheo-
logical behavior.
(2) The proposed model based on Artiﬁcial Neural Network
(ANN) given in this work is found to bemore accurate than
Ji model based on solid solution (SS) theory and Lira-
Galeana model from multi-solid (MS) phase category
with AADs less than 4%. One of the main advantages of the
Fig. 4. Comparison of the performance of the proposed Artiﬁcial neural network method with other studied Thermodynamic models in correlating the wax precipitation
weight percent.
Table 3
Predicted WAT for investigated crude oils using studied thermodynamic models.
Oil No ANN
model
AD% Ji model AD% Lira-Galeana model AD%
10 (Chen, 2009) 313 0.31 392 24.84 316 0.63
12 (Chen, 2009) 304 0.32 290 4.91 301 1.31
15 (Chen, 2009) 307 0.325 280 9.1 309 0.32
1 [20] 298 0.33 272 9.03 297 0.66
2 [20] 294 0.34 266 9.21 296 1.02
3 [20] 291 0.34 263 9.31 286 1.37
4 [20] 288 0.34 260 9.40 291 1.39
5 [20] 280 0.35 254 9.60 285 1.42
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is prediction of wax precipitation experimental data
without involving wax critical properties. While the
thermodynamic models are based on the complex prop-
erties of wax such as interaction coefﬁcient, critical
properties, acentric factor, solubility parameter and mo-
lecular weight of asphaltene which are not accurately
speciﬁed. It can be found that the number of parameters
required for the Artiﬁcial Neural Network (ANN) model is
less than the studied thermodynamic models. The ob-
tained results indicate that Lira-Galeana model] from
multi-solid (MS) phase category can predict more accu-
rately the experimental data in comparison to the Ji model
from solid solution (SS) category. Two important capabil-
ities of the neural network methods are the general andfast answers to a problem, providing acceptable results for
unknown samples.References
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